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Introduction
In markets with asymmetric information, it is crucial for sellers to establish a reputation. Especially in online markets, where often sellers are anonymous, reputation systems such as online ratings are important to reduce information asymmetries between buyers and sellers (Dellarocas, 2003; Cabral, 2012) . However, in establishing a reputation, sellers may face a start-up problem: Without a reputation, it can be hard to sell, but only by selling and buyers providing feedback a seller can build a reputation.
Strategies to solve this problem are to practice introductory pricing to increase sales (Villas-Boas, 2004) , to provide consumers with free samples (Bawa and Shoemaker, 2004; Peitz and Waelbroeck, 2006) , or to give away products for free. These strategies contribute to building a reputation by increasing the number of buyers who experience the seller's product and thus the information about the product that is passed on to other potential buyers via word-of-mouth or online ratings. Once the seller has established a good reputation, he can monetize his reputation by enjoying higher sales or earning a price-premium (Shapiro, 1983; Ba and Pavlou, 2002; Resnick and Zeckhauser, 2002) .
In this study, I focus on the strategy of giving away products for free to increase buyer feedback. I argue that theoretically this strategy can have either a positive or a negative effect on a seller's reputation: First, giving away products for free may create a negative selection effect on reputation. Free products may not only attract buyers with a high preference, who would also be willing to buy the product at a positive price, but also buyers with a low preference, who are only willing to acquire the product if it is offered to them for free. These low-preference buyers might give worse feedback, decreasing the average feedback that the seller receives, resulting in a worse reputation. Second, receiving a free product may induce buyers to give better feedback, as they might reciprocate the seller's gift of a free product (Kahneman et al., 1986; Ra-bin, 1993; Falk and Fischbacher, 2006) . Alternatively, buyers might provide feedback according to their indirect utility, i.e. utility minus the product's price. As receiving a product for free, instead of paying a price, increases buyers' indirect utility, providing "better value for money," buyers might give better feedback for a free product. 1 Both mechanisms, acting reciprocal or rating according to indirect utility, would result in better average feedback for free products and thus in a better reputation for the seller.
I test for the presence of these effects in the context of readers providing online ratings for e-books on an online self-publishing platform. On this platform, authors regularly give away their e-books as free content. The platform actively encourages this strategy, arguing that it helps authors to establish a readership and increase the number of online ratings their e-books receive. A particular feature of the platform is that it provides the information on its website whether the reader assigning a given rating received an e-book as free content or purchased it at a positive price. Since a subset of e-books has received ratings for both free and purchased versions, I can employ a fixed effects regression approach using only within e-book variation in ratings to estimate the effect of offering an e-book for free on ratings. Thereby, I can test for the presence of the hypothesized effects only by looking at whether those buyers who receive an e-book as free content give it a better or worse rating compared to buyers who purchase the same e-book at a positive price.
My results confirm the presence of a negative selection effect: An e-book that is offered as free content receives on average a rating that is 8 to 10 percent of a standard deviation lower than the rating of a purchased version of the same e-book. Moreover, ratings for free e-books have on average a 5 to 12 percent higher standard deviation of ratings than purchased versions. Furthermore, these effects are stronger for e-books in genres where the standard deviation of ratings is generally higher, consistent with a stronger selection effect for "niche" products, for which buyer valuations are more dispersed. I also find that reviewers who obtain a free copy of an e-book write reviews that are between 6 to 8 percent shorter. However, I also find some evidence for reciprocity 1 Or according to a Russian proverb: "Even vinegar tastes sweet if it's obtained for free." in the form of the negative selection effect being substantially weaker for female reviewers, which is in line with previous research in Behavioral Economics showing that women generally act more reciprocal than men (Croson and Buchan, 1999) .
These results imply that giving away products for free is a risky strategy. Although it increases the probability of feedback and makes it easier for a seller to build a reputation, it also decreases the average feedback while simultaneously increasing its dispersion, resulting in a worse reputation of the seller. An implication of the negative selection effect is that sellers should target their free products at buyers they know have a high preference for their products, for example, based on previous purchases or other characteristics of buyers observable to sellers.
My study contributes to the following strands of literature: In recent years, a growing literature both in economics and marketing has studied online reputation and online reputation systems. Dellarocas (2003) and Cabral (2012) Many studies use data collected from eBay to establish the relevance of online ratings for sellers' success in the marketplace. For example, Cabral and Hortacsu (2010) find that a negative eBay rating decreases a seller's weekly sales growth rate from a positive 5 percent to a negative 8 percent. Other studies have established that sellers with a good online reputation in the form of a high average online rating earn a price premium (Dewan and Hsu, 2004) . The relevance of online ratings has also been shown in other contexts: For example, Claussen et al. (2013) show that a better rating increases the number of active users of Facebook apps, Farajallah et al. (2016) show that car drivers with better ratings can more easily share rides on a peer-to-peer drive-sharing platform, or Chevalier and Mayzlin (2006) show that good ratings increase sales for books on e-commerce platforms such as Amazon.
Building on these findings establishing the importance of a seller's online reputation, another literature stream examines how sellers try to influence or manipulate their online ratings: Dellarocas (2006) finds evidence for fraudulent sellers rating their own products or paying third parties to rate their products. Friedman et al. (2007) show that sellers are more likely to change their online identities after receiving bad feedback. In a similar vein, Wibral (2015) confirms in a lab setting that if sellers can remain anonymous by changing their online identity without buyers observing this, buyers have overall less trust in sellers. Seller anonymity has, therefore, adverse effects on the amount of trade in a market. Nosko and Tadelis (2015) show in a field experiment conducted on eBay that a platform can increase buyers' participation in the market by providing additional measures of a seller's quality than only showing his average rating. There is also strong evidence that reciprocal behavior is important within online reputation systems, as in many settings buyers cannot only rate sellers, but sellers can also rate buyers. Examples of such bi-directional reputation systems can be found on platforms such as eBay, AirBnB or Uber. Overall, there is strong empirical support for reciprocity behavior in the context of online ratings (e.g. Bolton et al., 2013; Klein et al., forthcoming) .
Within the literature on online reputation, my study is particularly close to Li and Xiao (2014) and Cabral and Li (2015) . Both articles propose to incentivize buyers to give feedback by offering them rebates on their purchasing price in case they provide feedback. Li and Xiao show in a lab setting that offering rebates conditional on giving feedback increases buyers' propensity to provide feedback. Yet, Cabral and Li find little support for this hypothesis in a field experiment conducted on eBay. However, they find evidence for buyer reciprocity, as buyers give better feedback in the form of a higher rating if they are offered a rebate. My study departs from these articles by proposing and studying an additional selection effect: Offering buyers a rebate conditional on providing feedback is, in principle, equivalent to lowering the product's price, given that the rebate is larger than buyers' cost of providing feedback and that buyers know ex-ante about the rebate. But a lower price should also induce buyers with a lower preference for the product to purchase it. If lower-preference buyers provide worse feedback, offering a rebate or lowering the price should induce a negative selection effect on a seller's reputation. Offering a product for free as in my empirical setting can be thought of as an extreme form of lowering the price.
A possible explanation why both articles do not find a negative selection effect is that in the case of the lab setting in Li and Xiao (2014) , participants were induced to have homogeneous preferences, and in Cabral and Li (2015) the authors intentionally chose to sell a homogeneous product (USB sticks) on eBay. Additionally, buyers on eBay usually do not rate the purchased product per se but rather a seller's complementary services such as an accurate description and timely shipping. For such services, buyers are likely to have comparatively homogeneous preferences. Therefore, a negative selection effect is likely to be small on eBay. In the empirical context of my study, however, I study a setting with products for which buyers should have comparatively heterogeneous preferences in the form of a strong personal taste component, namely e-books. As an e-book can be considered a typical case of an experience good (Nelson, 1970) , an author's reputation is also likely to be particularly important in this setting.
My study can also be related to an extant theoretical literature in economics study- (2008) for literature reviews. In this literature, reputation is understood as the expectation of buyers regarding future outcomes connected to a seller. Such an expectation can be either based on an inherent type of a seller that buyers learn over time, in the simplest case whether a seller's product is of a "good" or "bad" quality, or whether the seller can credibly commit to behaving in a certain way, in the simplest case whether he will exert "high" or "low" effort. Models examining the second type of reputation based on a seller's commitment typically analyze the long-term equilibria of infinitely repeated games, abstracting from dynamic considerations but focusing instead on "bootstrap" equilibria. They are, therefore, less suitable to analyze dynamic aspects of reputational concerns such as reputation building (Bar-Isaac, 2004, p.16) . Models of the first type, modeling reputation as buyers' belief of the seller's inherent type, are better suited for modeling reputation building.
In particular, Välimäki (2000, 2006) study the incentives of competing sellers to encourage experimentation and learning of their products' quality by setting a low price. Other similar models are McFadden and Train (1996) , and Bose et al. (2006) . However, these articles typically assume homogeneous preferences of buyers regarding the type of the seller. Two recent exceptions are Bar-Isaac and Deb (2014b,a) , who, however, do not consider pricing in their models. Therefore, my study highlights a trade-off that to-date is absent from the theoretical literature on reputation. 2 My study is structured as follows: In section 2, I develop a short theoretical framework and derive testable propositions. In section 3, I describe the dataset I use to test these propositions. In section 4, I test these propositions with my dataset. In section 5, I conclude.
Theoretical Framework
In this section, I present a short theoretical framework to derive propositions that I empirically test in the next sections. The framework addresses two related questions:
First, how does giving away products for free affect the nature feedback, i.e. whether buyers give positive or negative feedback? Second, how does giving away products for free affect the dispersion of feedback?
Assume a market with a single product sold by a monopolistic seller for which buyer i has utility
where q is the product's quality valued equally by all buyers, and i is a buyer's idiosyncratic taste for the product, which is distributed according to a continuous random variable with expectation E( i ) = 0. Before buying, the buyer does not know his utility u i for the product but he can inspect the product to receive a noisy signal of his utility given by 2 There is also a small theoretical literature that looks at similar issues. For example, Villas-Boas (2004) studies a model where consumers are more likely to repeat purchases of experience goods that they have purchased in a first period, which gives firms the incentive to aggressively price in a first period in order to build market share. Another example is Campbell et al. (2013) , who study in a model of word-of-mouth firms' incentives to strategically limit the amount of word-of-mouth, as buyers might prefer to signal their status by consuming products that fewer people are informed about (e.g. indie music).
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where θ i is a noise term that is distributed according to a continuous random variable with expectation E(θ i ) = 0. The buyer then buys the product if
where p is the product's price.
After buying the product, a buyer provides feedback in the form of a rating with a constant probability s. The probability that any given buyer i gives feedback is then
which depends both on a buyer's probability to give a rating s, and on the probability that a buyer buys the product, which he does if the sum of his personal taste component i , the product's quality q, and the realization of the noise term θ i is larger than the product's price p. Assuming that buyer i posts a rating r i corresponding to his utility u i , 3 which he learns perfectly after consuming the product, the expected value of an observed rating is
which does not only depend on the product's quality and a buyer's taste but is also conditioned on actually observing a rating.
The seller faces the following trade-off when trying to increase the probability of feedback: Either he can lower his price p, increasing probability ρ i that buyer i buys the product and provides feedback, but at the same time lowering the conditional expectation E(r i |S(u i ) > p) of a rating, or he can increase his price p, decreasing probability ρ i that buyer i rates the product, but increasing the conditional expectation of a rating.
How the seller resolves this trade-off depends on how sensitive future demand is to the availability and nature (good or bad) of feedback.
In the empirical context of my study, I compare ratings of e-books that are offered either at a positive price (p > 0) or at a zero price (p = 0). As the conditional expectation of an observed rating in equation (2) is increasing in price, i.e.
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this implies the following proposition:
Proposition 1. An observed rating of a free product will on average be lower than the rating of a purchased product (ceteris paribus).
In contrast to this proposition, buyers might also rate a free product better than a product that they purchased at a positive price. There might be two reasons: Either buyers act reciprocal, repaying the seller's gift of a free product with a better rating, or they rate a product according to their indirect utility. Regarding reciprocity, an established literature in Behavioral Economics has shown that people often act reciprocal, meaning they are eager to repay favors, gifts, and invitations etc. (Kahneman et al., 1986; Rabin, 1993; Falk and Fischbacher, 2006) . There is also an established literature observing reciprocal behavior within online reputation systems (e.g. Bolton et al., 2013; Cabral and Li, 2015; Klein et al., forthcoming) . If a product is given away for free, reciprocal buyers might reciprocate the sellers "gift" of a free product by assigning it a better rating.
An observationally equivalent mechanism might be that buyers do not assign a rating according to their utility but according to their indirect utility, i.e. r i = u i − p. If this is the case, buyers should rate free products more favorably, as a free product represents "better value for money." In my empirical context, both mechanisms are empirically indistinguishable. 4 Both can be captured within my framework by observed ratings having a conditional expected value of
If both mechanisms are stronger than the selection effect, the following relationship between price and rating should be observed:
implying the following alternative to the previous proposition:
An observed rating of a free product will on average be higher than the rating of a purchased product (ceteris paribus).
An additional testable implication of the selection effect is that a higher price, implying a stronger selection effect, should increase the dispersion or variance of observed ratings, i.e.
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This implies the following proposition:
Proposition 2: Observed ratings of free products will on average have a higher variance than the ratings of purchased products (ceteris paribus).
Empirical Setting
To test the three propositions I have derived in the previous section, I use data collected from the online self-publishing platform Smashwords.com. While initially a niche-market, according to his indirect utility, receiving a product for free should increase the rating he assigns but not the likelihood that he assigns a rating. If a buyer, on the other hand, is reciprocal, receiving a product for free should increase both his probability of assigning a rating and how good the ratings is, as a reciprocal buyer should be more eager to reciprocate the seller's gift. Cabral and Li (2015) are not able to find a statistically significant effect of offering a rebate on buyers' probability to provide a rating.
direct self-publishing of e-books by independent authors on platforms such as Smashwords has evolved in recent years to a market of substantial size. This growth was mainly triggered by a decrease in production and distribution costs to virtually zero with the advent of digital publishing over the Internet. By 2013, the market share of self-published e-books has grown to an estimated tenth of both the number of books in bestseller lists and overall unit sales (Waldfogel and Reimers, 2015) .
Smashwords is one of the largest online distributors of self-published e-books (Bowker, 2014 ). E-books that are published on Smashwords are not only sold on its website but also distributed to the largest online e-book retailers such as Apple's iBookstore, Barnes & Noble, or Kobo. Although most titles on Smashwords are written by amateur authors, who serve only small niche markets, some titles published on Smashwords have also been very successful, even reaching international bestseller status (Coker, 2012) . For more information on self-publishing and Smashwords, see Zegners (2016) .
The following features make the independent e-book market a good setting to examine the strategy of giving away free products with the goal of establishing a reputation: Whereas authors who release their books via traditional publishers are supported by publishers running advertising campaigns, inducing newspapers to publish reviews, or organizing book tours, self-published authors cannot make use of these complementary services provided by publishers. To inform potential readers of their books' existence, characteristics, and quality; self-published authors have to rely mostly on social media, word-of-mouth, and online ratings. Offering e-books for free is a particularly popular strategy to reach these goals. Often, authors either temporarily offer e-books for free by setting their price to zero, or they offer certain e-books permanently for free, for example, the first volume of a series of books. Smashwords actively encourages this strategy with the following arguments:
For many first-time authors, one of your biggest challenges is to get your first readers and your first reviews at retailers. Free builds readership and can help you establish your first reviews . . . Or, if your book has been out a long time and sales have dwindled, try a temporary free promotion to rev up readership, reviews and word of mouth. Smashwords also regularly runs promotional campaigns where it offers e-books of enrolling authors for free.
Dataset
I collected the data I use in this study during February 2016 directly from Smashwords's website using a web crawler. 5 Overall, my dataset contains more than 300,000 e-books offered on Smashwords. More than 45,000 e-books have been rated by at least one verified buyer. 6 To test whether I find the theoretical propositions confirmed with this data, I use a particular feature of the Smashwords website: For each rating, the website indicates whether the rating has been given for a free e-book or a purchased e-book. See figure 1 for a screenshot of an e-book's website on Smashwords, showing an example of this information attached to each rating.
For my analysis, I use a subset consisting of 45,634 e-books on Smashwords that have been rated at least once. Overall, these e-books have been rated 109,421 times. Table 3 shows descriptives of the variables on the e-book level. On average, an e-book has been rated 2.40 times, with an average rating of 4.42 stars (buyers can rate an e-book with 1 to 5 stars). While the average price of an e-book is $1.94, at the time where I collected the data 17,790 of rated e-books (39 percent of all rated e-books) were offered for free.
For 24,927 e-books, all ratings were given for a free copy. For 18,483 e-books, all ratings were given for a purchased version. For 2,199 e-books, ratings were given for both a purchased and a free version of the same e-book. While initially I include all 5 In another article (Zegners, 2016) , I use a snapshot collected from Smashwords in September 2015 to examine how offering part of an e-book as a free sample (not the full e-book as in this study) impacts an e-book's price. I do not include the variable indicating whether a sample is offered for an e-book in this study, as a sample can only be offered for a non-free e-book. 6 Only verified buyers can rate a non-free e-book on Smashwords. Notes: This figure shows a screenshot of an e-book's website on Smashwords from which I scraped my dataset. The e-book's website shows, additional to information such as the genre and subgenre of the e-book, ratings posted by previous readers of the e-book. Additional to the rating assigned (1-5 stars) and a review, the website shows whether the rating was given for a free version ("review of free book") or for a non-free version ("reviewed within . . . [time] . . . purchase"). ratings into my analysis, ultimately the subset of e-books where I observe ratings for both free and purchased versions will be central to my identification strategy. Table 4 shows descriptives of the variables on the rating level contained in my dataset. The average of ratings is 4.48 and on average a written review posted together with a rating contains 488 characters. On average, a review is published 188
weeks after an e-book has been first published on Smashwords. About 45 percent of ratings are assigned to free e-books, while the remaining 55 percent of ratings are assigned to non-free e-books. Additional to these variables, I estimate the probability of a reviewer being female as implied by his or her first name, using a database based on U.S. Social Security Administration baby name data implemented in the R-package gender (Mullen, 2015) .
Empirical Relevance of Free E-books
Before testing my main propositions, I present some descriptive and cross-sectional e-book level evidence showing the empirical relevance of free e-books. My goal is not to offer a rigorous analysis but to show that the cross-sectional evidence is consistent with the underlying theoretical motivation and mechanisms that I propose. Table 5 shows a comparison of the means of the e-book level variables contained in my dataset, splitting the sample into free and non-free e-books. All means of these variables are statistically different between both groups. While non-free e-books are rated on average 2.22 times, free e-books are rated on average 2.68 times. This indicates that giving away e-books as free content indeed might help to increase the number of ratings that an e-book receives. On the other hand, while non-free e-books receive on average a rating of 4.51 stars, free e-books receive on average a rating of 4.29 stars.
This difference could be either caused by the negative selection effect I propose, or by authors of lower-quality e-books being more likely to offer their e-books for free.
Free e-books are also on average shorter and are more often written by male authors.
Consistent with offering e-books for free being used as a strategy by new authors to establish a reputation, the authors of free e-books on average have a lower number of e-books offered on Smashwords and have gathered on average fewer ratings. Also, authors of free e-books have worse average ratings for their other e-books compared to authors of non-free e-books. Table 7 shows a cross-sectional logit regression estimating the probability that a given e-book is offered for free. Additional to including all variable on the e-book level, I also include category, subcategory, and language fixed effects into the regression model. All coefficients are statistically significant with effects in the same direction as suggested by the comparison of means between free and non-free books.
So overall, looking at the cross-sectional evidence, offering e-books for free seems to be indeed a strategy used by entering authors. However, as free e-books are on average almost twice as short as non-free e-books, which might impact their ratings, selection into free and non-free has to be taken seriously in any empirical analysis.
Results
In this section, I empirically test the propositions laid out in section 2. First, I test propositions 1 and 1A by examining whether free e-books receive better or worse ratings. Second, I test proposition 2 by examining whether the dispersion of ratings is higher for free e-books. Last, I provide evidence for the presence of a negative selection effect by testing three additional mechanisms: Whether free e-books receive longer or shorter reviews, whether there are differences in the effect size within different subgenres of e-books, and whether the information on previous e-books a reviewer has rated can provide further evidence in favor of a negative selection effect on ratings.
As already mentioned, I use the fact that Smashwords provides the information whether the reviewer assigning a rating received a free version or purchased the ebook at a price. Although in each analysis, I also show results from cross-sectional regressions, my main identification strategy is to use e-books where I observe ratings for free and non-free versions of the same e-book. Notes: This table shows means and standard deviations of ratings for different subsets of e-books. In the top panel, all ratings are used, while in the middle and bottom panel only ratings are used of e-books where both ratings for free and non-free versions are available. Demeaned ratings in the bottom panel are calculated by subtracting from each individual rating the average rating of the e-book that the rating was assigned to. Table 8 provides first descriptive evidence by showing average ratings and the standard deviation of ratings, splitting the sample into ratings provided for free and for non-free e-books. All ratings are pooled, ignoring that ratings are assigned to different e-books. The upper panel of table 8 shows average ratings for the whole sample.
Descriptive Evidence
The average rating of e-books for non-free versions is higher than for free versions (p-value< 0.001), providing first evidence in support of a negative selection effect (Proposition 1) and against reciprocity or indirect utility driving the nature of feedback (Proposition 1A). The standard deviation of ratings is larger for free e-books than for non-free e-books (p-value< 0.001), supporting the proposition that the dispersion of ratings is larger for free e-books (Proposition 2). As these effects might be driven by authors of lower-quality e-books being more likely to offer their e-books for free, in the middle panel of table 8, I use only ratings of e-books where ratings were given to both free and non-free versions. In this sub-sample, I find that non-free e-books have a lower average rating than free e-books, although the difference is only significant at the 0.1 significance level. The standard deviation of ratings for free e-books is, however, still larger than for non-free e-books (p-value< 0.001). To control more carefully for selection effects and other confounding factors, in a next step, I demean each rating by subtracting the average rating of the e-book the rating was assigned to. The lower panel of table 8 shows the averages of demeaned ratings for both groups. The mean for non-free e-books is higher (p-value< 0.001), thus further supporting proposition 1 and providing evidence against proposition 1A. Again, the standard deviation of demeaned ratings for free e-books is larger than for non-free e-books (p-value< 0.001), providing support for proposition 2.
To sum up, I already find evidence for proposition 1 and 2, looking only at descriptive statistics.
Regression Analysis
Although the results from the descriptive analysis provide first evidence in favor of propositions 1 and 2, the results might be driven by other differences between free and non-free e-books. Therefore, in this section, I provide more detailed evidence by presenting the results of a series of regression models. Although I also show results from cross-sectional regressions, my preferred regression models include e-book level fixed effects, i.e.
where Y ij is an outcome variable (e.g. a rating) on the level of e-book i and rating j, the dummy FreeEbookRated j denotes whether a rating was assigned to a free e-book, f i are e-book level fixed effects, X j is a vector of controls on the level of a rating, and ij is an error term. The coefficient β and the vector of coefficients γ are only identified trough within e-book variation, taking advantage of the fact that for a subset of e-books ratings were assigned to both free and non-free versions of the same e-book.
I analyze three separate outcome variables on the rating level for Y ij : Rating, i.e. how many stars a reader assigned to an e-book, the deviation of a rating from the average rating of an e-book as a measure of dispersion of ratings, and the length of a review in terms of the number of characters it contains. Table 9 shows results from a regression analysis with an individual rating as the unit of observation. The dependent variable in these regressions is the number of stars (1 to 5) a reviewer assigned to an e-book. In columns (1) and (2), results from crosssectional OLS regressions are shown, including all e-book and rating level covariates.
Rating
In columns (3) and (4), results from OLS regressions including e-book level fixed effects are shown. Only rating level covariates are included in these regressions, as the fixed effects pick-up any covariates that are constant on the e-book level. Note: This table shows OLS regression results with a single rating as the unit of observation. The dependent variable is the number of "stars" that a reviewer assigned to an e-book. Reviewers can choose within a range of one (worst rating) up to five (best rating) stars. In column (3) and (4), e-book level fixed effects are included.
In the cross-sectional regression model in column (1), additional to the controls, I
include the dummy FreeEbookRated indicating whether a rating was assigned to a free e-book. The estimated coefficient indicates that on average the rating for a free e-book is -0.163 stars lower than the rating assigned to a non-free e-book (p-value< 0.01).
In column (2), I include additional controls on the e-book and rating level. The variable Price measures the price of an e-book at the time when I collected the data. I also include the variable Length E-book in Words. Both variables, Price and Length E-book in Words, should capture to some degree how valuable an e-book is to a reader. These variables are interesting to look at, as the negative selection effect should be stronger, the larger the difference in price between free and non-free versions of the same e-book.
On the other hand, if reciprocity plays a role in readers' rating behavior, receiving a "larger gift" in the form of a normally more expensive or longer e-book should trigger a stronger reciprocal response by reviewers in the form of a better rating. To check for the presence of both mechanisms, I include in column (2) 
interactions between Price
and Length E-book in Words, and whether a rating was given to a free e-book. The coefficient on the interaction between Price and FreeEbookRated is indeed negative, consistent with a stronger negative selection effect for more expensive e-books. However, the effect is only significant at the 10 percent level. The coefficient on the interaction between Length E-book in Words and FreeEbookRated, on the other hand, is negative (pvalue< 0.01), indicating that readers reciprocate more by giving better ratings if they receive a longer e-book for free.
In the regression in column (2), I also include the gender of a reviewer and an interaction between the gender and whether a rating was assigned to a free e-book. Interestingly, the coefficient on the interaction is positive (p-value< 0.01). An explanation might be that women act more reciprocal than men, consistent with a small literature in Behavioral Economics looking at gender effects in trust games (Croson and Buchan, 1999 ).
In column (3), I estimate a regression model where I include fixed effects on the ebook level. These fixed effects capture the mean rating of each e-book. The coefficient on the variable FreeEbookRated is, therefore, only identified through e-books where it is not constant on the e-book level. The coefficient has a similar size as in the crosssectional regressions and remains statistically significant (p-value< 0.01), indicating that free e-books receive ratings that are on average 0.074 stars lower than ratings for non-free versions of the same e-book. This is further support for proposition 1 and against proposition 1A.
In the regression in column (4), I include the same interactions between the variable FreeEbookRated and the variables Price, Length E-book in Words, and Gender Reviewer.
The estimated coefficients have the same signs as in the cross-sectional regression in column (2). However, only the coefficient on the interaction between FreeEbookRated and Gender Reviewer remains statistically significant (p-value< 0.05).
To sum up, in all regression models I find evidence in favor of proposition 1, implying that free e-books receive worse ratings. The effect sizes show that free e-books receive ratings that are between 0.07 and 0.09 stars lower than ratings for non-free e-books, or 8 to 10 percent lower if expressed in terms of the standard deviation of ratings. However, I also find some evidence in favor of proposition 1A by finding that female reviewers, who according to previous literature should act more reciprocal than men, give better ratings to free e-books than male reviewers.
Dispersion of Ratings
In this subsection, I examine whether the prediction of proposition 2 that the dispersion of ratings is larger for free e-books than for non-free e-books holds empirically. To test it within a regression framework, I use the following approach: After demeaning each rating, I use the absolute value of each demeaned rating as the dependent variable in my regression models. This absolute value of demeaned ratings measures the absolute deviation of any given rating from the average rating of an e-book. 7 Using this variable as a dependent variable in my regressions lets me estimate the effect that the variable Note: This table shows OLS regression results with a single rating as the unit of observation. The dependent variable is the absolute value of the deviation of a given rating from the average rating of an e-book. E-book level fixed effects are included in all regressions.
FreeEbookRated has on the deviation of each individual rating from the average rating of an e-book. Although, as before, I also show results from cross-sectional regressions, my preferred regression specification again includes e-book level fixed effects, i.e.
where Y ij is rating j assigned to e-book i, and Y i is the mean rating of e-book i. While the e-book level fixed effect f i captures the average standard deviation of ratings on the e-book level, the coefficient β on the variable FreeEbookRated picks up any difference in standard deviation for free e-books. Table 10 shows the results of these regressions. Columns (1) and (2) show results from cross-sectional regressions, including all e-book level and rating level covariates.
In column (1), I only include the variable FreeEbookRated, while in column (2) I include the interactions between Price, Length E-book in Words, and Gender Reviewer. In both cross-sectional regressions, the coefficient on FreeEbookRated is positive (p-values < 0.01), indicating that the standard deviation of ratings is higher for free than for non-free e-books. The fixed effects regressions in column (3) and (4) also support this conclusion, as the coefficients in column (3), only including the variable FreeEbookRated, and column (4), including the same interactions as in column (2), are positive (p-values < 0.01). Using the fact that the overall standard deviation of ratings is 0.86, the effect size indicates that the standard deviation of ratings is 5 to 12 percent higher for free than for non-free e-books.
Thus overall, I also find support for proposition 2 within a regression framework.
Length of Review
In this subsection, I explore whether reviewers change the nature of their feedback in terms of the length of text they post together with a rating. The text of a review contains additional information that future buyers can use to base their purchasing decision on. Longer reviews should, on average, be more informative and thus help authors to find the audience that best fits their personal style, increasing the horizontal match between authors and readers. Table 11 shows results from regressions where the dependent variable is the length of a given review measured by the number of characters it contains. As the distribution of this variable is skewed, I transform the variable using the natural logarithm.
In columns (1) and (2), I present results of cross-sectional regressions, while in column (3) and (4) I include e-book level fixed effects into my regressions. In columns (1) and (3), I only include the variable FreeEbookRated. In columns (2) and (4), I also include the interactions between Price, Length E-book in Words, and Gender Reviewer.
The coefficient on the variable FreeEbookRated is negative and statistically significant in all four regression models, implying that on average free e-books receive shorter reviews than non-free e-books. The size of the coefficients in the fixed effects regressions, which should be the most accurate estimates of the effect size, imply that free e-books receive reviews that are approximately 6 to 8 percent shorter than the reviews of nonfree e-books.
From the coefficients on the interaction terms, both the coefficient on the interaction between FreeEbookRated and Price, and the interaction between FreeEbookRated and Gender Reviewer are statistically significant, both in the cross-sectional and in the fixed effects regressions. The positive coefficient on the interaction between FreeEbookRated and Price implies that e-books that are more expensive when they are not free receive longer reviews when they are offered for free. This result might imply that reviewers reciprocate more by writing longer reviews when normally they would have paid a high price for an e-book. However, as implied by the negative coefficient on the interaction between FreeEbookRated and Gender Reviewer, female reviewers write on average shorter reviews when receiving an e-book for free, which is not consistent with women acting more reciprocal.
To sum up, I find evidence that reviewers who receive a free e-book do not only give a worse rating but they also provide shorter reviews. However, the more expensive the e-book is otherwise, the weaker this effect becomes, consistent with a reciprocity effect that becomes stronger as reviewers receive larger "gifts." While in the case of ratings as an outcome variable I find results that are consistent with female reviewers reciprocating more than male reviewers, I do not find such an effect in the case of the length of reviews. On the contrary, female reviewers provide shorter reviews for free e-books. One explanation might be that female reviewers reciprocate by giving better ratings, while male reviewers reciprocate by giving longer reviews.
Differences between Genres
In this subsection, I explore differences in the effect size between different genres of e-books. Generally, it should be expected that the negative selection effect of offering an e-book for free is stronger for e-books for which readers have more heterogeneous tastes. Such a heterogeneity in tastes should be reflected in a higher dispersion of ratings, which should have an effect on the strength of the negative selection effect. 8
As a measure of the heterogeneity of tastes for a particular e-book, I use the average variance of ratings within its subgenre. Table 12 shows the variance of ratings for each subgenre. The subgenres "Religion and Spirituality," "Erotica," and "Humor & Com-8 For example, Sun (2012) takes the variance of product ratings on Amazon.com as a measure of whether a product is a niche or a mass-market product. The underlying idea is that whereas for niche products some consumers have a very strong preference but others have a very low preference, for mass-market products consumers have more homogeneous preferences, which is reflected in a lower dispersion of ratings for mass-market products as compared to niche products. Notes: This table shows regression results with an added interaction between the dummy indicating whether a rating was given for a free e-book with the average genre variance of ratings for each subgenre.
edy" have the highest variance of ratings, whereas the subgenres "Poetry," "Children's Books," and "Biography" have the lowest variance.
In a next step, I match the corresponding variance of ratings for each subgenre to each individual rating based on the subgenre of the e-book. Then, I include an interaction of this variable with the dummy indicating whether a rating has been given for a free e-book into my regression models. Table 13 shows the results of two regression models with e-book level fixed effects. In column (1), only the variable whether a given rating has been given for a free e-book and its interaction with the variance on the subgenre level are included. In column (2), I include the same additional interactions as in my previous regressions. In both regression models, the coefficient on the interaction between FreeEbookRated and the subgenre variance of ratings is negative and statistically significant (p-values < 0.05). This implies that the negative selection effect indeed is stronger for subgenres with a higher variation in ratings, consistent with a stronger negative selection effect for e-books from subgenres for which readers have more heterogeneous tastes.
Further Evidence in Support of Selection
In this section, I provide further evidence that the negative selection effect is driven by readers with a lower preference obtaining free e-books and, consequently, giving lower ratings. I use the fact that reviewers on Smashwords have to use a nickname when reviewing an e-book. Thereby, for reviewers who rate more than one e-book, I
have some information on their reading habits in terms of which other e-books they have rated in the past. From this information, I calculate three additional variables as measures of a reviewer's reading habits and include them into my regression models:
whether a given rating is assigned to an e-book that is from the same genre that the reviewer usually reviews (the reviewer's "favorite" genre), whether a given rating is assigned to an e-book that is from the same subgenre that the reviewer usually reviews (the reviewer's "favorite" subgenre), 9 and whether a reviewer has reviewed an e-book by the same author in the past. These three variables should at least partly explain the negative selection effect. Table 14 shows results of three logit regression models estimating whether ratings for free e-books are more likely to be given by reviewers who have other "favorite" genres or subgenres, or by reviewers that previously have not rated an e-book by the same author. The results in columns (2) and (3) show that a rating for a free e-book is 5 percent more likely to be assigned by a reviewer who has a different "favorite" subgenre (p-value < 0.01), and that a rating of a free e-book is 12 percent more likely to be assigned by a reader who has not previously rated another e-book by the same author (p-value < 0.01). However, as the result in column (1) shows, a rating for a free e-book is 0.1 percent less likely to be assigned by a reader who has a different "favorite" genre (p-value < 0.01). The effect size is, however, small compared to the effect sizes of the two other variables. (1) shows that if a rating is given for a free e-book, it is less likely that the genre of the e-book is not the readers "favorite" genre. The regression in column (2) shows that if a rating is given for a free e-book, it is more likely that the subgenre of the e-book is not the reviewers "favorite" subgenre. The regression in column (3) shows that if a rating is given for a free e-book, it is less likely that the reviewer has previously rated an e-book of the same author. Note: This table shows OLS regressions where I include the characteristics of the reader giving a rating. The dependent variable is rating with a single rating as the unit of observation. In column (2), I add whether the e-book for which a reviewer gives a rating is not from his "favorite" category as a covariate. In column (3), I add whether the e-book for which a reviewer gives a rating is not from his "favorite" subcategory. In column (3), I add whether the reviewer has previously rated any e-book by the same author. Only reviews by reviewers with more than one review are included. Table 15 shows regression results where I include the three measures of a reviewer's reading habits consecutively into fixed effects regression models with a rating as the dependent variable. Only ratings by reviewers who have reviewed more than one ebook are included. In column (1), I include the measure indicating whether a rating was assigned by a reviewer with a different "favorite" genre. This variable does not have a significant effect on the rating that the reviewer assigns. In column (2), I include the measure indicating whether a rating was assigned by a reviewer with a different "favorite" subgenre. This variable has a negative impact on the rating a reviewer assigns, indicating that such a reviewer gives on average a rating that is 0.054 stars lower (p-value < 0.01). Including this variable decreases the effect size of the main effect of whether a rating is assigned to a free e-book, although the decrease is small and not statistically significant. In column (3), I include the measure indicating whether the reviewer has previously reviewed an e-book by the same author. This variable has a strong effect on the rating a reviewer assigns, indicating that a reviewer assigns a rating that is by 0.181 stars higher if he or she has previously rated an e-book by the same author (p-value < 0.01). Including this variable also reduces the effect size of whether the rating was assigned to a free e-book by 16 percent, although the decrease is not statistically significant.
To sum up, I find strong evidence in favor of reviewers who usually buy different kinds of e-books give worse ratings to free e-books. Including these explanatory variables reduces the main effect by about 20 percent, although the decrease is not statistically significant using the usual levels of statistical significance.
Conclusion
Overall, I find strong empirical support for the hypothesis that giving away products for free induces a negative selection effect on sellers' (online) reputation. The alternative hypotheses that giving away products for free induces buyers to reciprocate by giving a better rating or that buyers assign a rating according to their indirect utility are overall rejected. However, I find some evidence for reciprocity in the form of fe-male authors giving better ratings to free products than male reviewers, which would be consistent with research in Behavioral Economics showing that women act more reciprocal than men. Further, I find evidence that the dispersion of ratings is higher for products that are given away for free.
This has the implication that giving away products for free is a double-edged strategy for sellers. While it still might be possible to build a reputation by giving away products for free, it involves a trade-off, especially for products where consumers have heterogeneous tastes.
My study has two important implications. One is that sellers trying to build a reputation should specifically target free units of their products to buyers who are likely to have a high preference for their products. For example, in my empirical setting, authors should target free units of their e-books to readers that have bought previous e-books of the same author or books from the same genre. This would not only decrease the negative selection effect but authors might even be able to induce a positive selection effect, enabling them to build a better reputation.
In terms of policy, a negative selection effect on reputation implies an additional entry barrier for sellers and firms entering markets with asymmetric information. Similar forms of reputation as an entry barrier have already been suggested by previous literature (e.g. Farrell, 1986; Grossman and Horn, 1988) , although not in the form of a selection effect as in this study. Policy makers such as governments or platforms could help to lower such entry barriers by either providing quality certification themselves or by debiasing reputation measures, for example by giving weight to more "objective" reviewers who have a weaker personal taste for the products they rate.
